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Abstract—We present a method that estimates three- the inverse problem of EEG becomes even more ambiguous
dimensional statistical maps for EEG source localization. The in the presence of background noise that can be higher than
maps assess the likelihood that a point in the brain contains a e gifference between the potentials of such combinations.
dipolar source, under the hypothesis of one, two or three activated . . L
sources. This is achieved by examining all combinations of one Several ,grPUPS have investigated the ambiguity of the elec-
to three dipoles on a coarse grid and attributing to each com- tromagnetic inverse problem. For a given number of sources,
bination a score based on an F statistic. The probability density the uncertainty in the source location parameters was quanti-
function of the statistic under the null hypothesis is estimated fied by defining confidence intervals. This has been done using
non-parametrically, using bootstrap resampling. A theoretical F the Cramer-Rao bound [9], [10], [11], simulated data [12] or

distribution is then fitted to the empirical distribution in order . -
to allow correction for multiple comparisons implanted sources [13]. Determining the number of sources

The maps allow for the systematic exploration of the solution IS @ difficult topic though, and this additional ambiguity has
space for dipolar sources. They permit to test whether the data also been a subject of much interest. For example, classical
support a given solution. They do not rely on the assumption of goodness of fit and model order selection criteria can help

uncorrelated source time course. They can be compared to other j, sglecting which model is better suited to the data [14],
statistical parametric maps such as those used in fMRI.

Results are presented for both simulated and real data. The [15]. A,W'dely used approach is based on principal component
maps were compared with LORETA and MUSIC results. For the analysis (PCA, [16]). Indeed, for uncorrelated source time
real data consisting of an average of epileptic spikes, we observedcourses, the number of sources is given by the number of
good agreement between the EEG statistical maps, intracranial singular values significantly greater than zero. These non-zero
EEG recordings and functional MRI activations. singular values define a signal subspace that can be scanned

using one dipole only; peaks in the scan indicate possible

l. INTRODUCTION locations of the sources; this is the MUSIC method [17].

_ _ Drawbacks of the PCA decomposition are that it can be
HE electroencephalogram (EEG) is a recording of electy ifficult to define the dimension of the signal subspace, and

Th C?]l po_ten'uals at a set of eleck':rodesf place? ?]n t;‘e ZC at PCA fails to find the number of sources when the time
ough it Is a measurement at the surface of the head, rses are fully correlated (even though a refinement of
EEG can still be used in an attempt to infer the location of tf}ﬁe MUSIC method has been proposed for handling fully
neural elect_rical sources W‘th"! the_ bra?n that produce givel e jated sources [18]). Another way to explore the brain
EEG potentlals_, for exa_mple eplleptlc spikes or SOMatoSeNnsQiy me is to use spatial filtering, or “beamforming” [19]. The
evoked potentlals.. This localization problem is Comm°n|¥ﬁ§ciency of beamforming is also sensitive to the level of
referred to as the inverse problem of eIectroencephalograppxrrelation of the sources, although it has been shown to be
a similar problem is found for the magnetoencephalografgy, st for a medium level of correlation [20]
(MEG). For a review of the electromagnetic inverse problem, A sensible way to reduce the ambiguity in the location pa-

Se_?_h[l]'_ bi < il q h . ifini rameters is to incorporate constraints originating from anatom-
be mvferse pro e”;_ IS |_-poseh as there dls an hm NIt 5| considerations, such as forcing sources to be distributed on
nhumber of source configurations that can produce the exgel . ical surface and oriented perpendicular to it [21]. How-

same potential at the surface of the head. However, if 0BG, \yhen using distributed sources, the very large number of

assumes that the sources are made of cqrrent dipoles, V&'H&rces results in an underdetermined problem. Regularization
a small number of dipoles [2] and a sufficient number

R 8 i ethods need to be introduced, such as a that of minimum
electrodes [3], [4], then the solution is unique [5]. The d'pOIaénergy [22] or of maximal smoothness [23]. Another type

model [6]. Is a rez_asonable approximation for focal sources [Z} constraint involves the use of data from other functional
(for a review of dipolar methods, see [8]). Unfortunately, eve]?naging modalities, such as functional magnetic resonance
with the dipolar assumption, different combinations of Sourc%aging (fMRI) [24], [25]

can produce very similar potential patterns. As a consequencepq the electromagnetic inverse problem is ambiguous, some
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with the Markov Chain Monte Carlo (MCMC) technique; Il. STATISTICAL FRAMEWORK
in [28] this approach is implemented within a maximumy The Linear Model
likelihood framework. The beamforming technique can be also

be used in order to built statistical parametric maps [29]. We assume that the EEG signal that we observe can be

modelled by a set ok dipolar sources at locationg, =

In this paper, we investigate the ambiguity in both numbey:; v, z;), i € {1,...,s}. Each source is represented by
and localization of dipolar sources, by exploring all the coma basis of three colocalized orthonormal dipoles describing
binations of one to three dipolar sources on a coarse grid. Thisy possible dipolar activity inside a given region [17], [30].
exhaustive search is made possible by limiting the resolutigr each source, we define(;) as the { channelsx 3
and the number of sources. We give to each combination dipoles) matrix whose columns are the potentials created by
sources a score based on a statistical measure that reflects thewcorresponding three orthonormal dipoles.
well it describes the data. This is to be contrasted with theThe classical linear model for the EEG signal in the
methods that first establish a best-fit solution and then estimptesence of noise is
a confidence interval on the parameters of the solution [9],
[10], [11]. We then build a three-dimensional map assessing Y =X(6)B+E, (1)
for each elementary volume (or voxel) the likelihood that ilyhere Y is the spatiotemporal data matrix. channelsx p
contains a source by summing the scores of all combinatioiyde points); in order to enhance the SNE, is generally

containing this voxél resulting from the average dof identical eventsX(©) =
The systematic exploration of the solution space is usualf§(f1) - x(6s)] is the sensor array matrix:(channelsx
referred to as “dipole scanning”. The advantage of a scan with dipoles), ® = [¢, ... 6;] contains the dipole location

multiple sources is to permit the recovery of sources wiff@rametersB contains the dipole waveformss(dipolesx p
perfect correlation, and also to avoid the potential local mininf4n€ Points) andk is the error matrix# channelsx p time

that exist in minimization-based approaches. The integratiBRINtS). In the following sections, we will generally drop the
of the results when there is more than one source has not to Eiffrence o to simplify the notations. _

knowledge been reported. We propose a method for integr::xtin?zach channel of EEG data is recorded with respect to a
at each point the results over all possible combinatiod&ference signal; this means that the rank¥ofis min{n —
whereas the multiple-source scanning of [18] is searching fbrP}; this is also reflected in the degrees of freedom for the
an optimum combination. The attribution of a score at eadt@tistical tests in II-C. _

point of the head resembles the MUSIC scan [17]. However, The €rror matrixE can be broken down into “pure EEG
we perform statistical measures that allow for the assessmBAtS€” Eceg, i-€. the error arising from background EEG ac-

of the significance of the scores, contrary to the MUSIEVIty superimposed on the signal, and “model erril; o4,
measure. i.e. the part of the signal that has not been explained by the

o ) _model [15]:
Our statistical approach is related to that of [27], but differs E = Eccy + Emodel. )

in several aspects. First, we use simple statistical tests in

a frequentist framework. Second, it is an easier method tolypically, the EEG erroE.., is assumed to be multivariate
implement as it does not require MCMC computations. Thir@aussian. The model errd,,,q.; is the term we seek to
we introduce in our scoring scheme a model order criteridRinimize by selecting the correct number and location of
that helps to reject additional sources that merely descrip@urces. The time coursB of the dipoles can be further
noise. Furthermore, we do not rely solely on a parametigojected onto temporal basis functions [31]; this has the
description of the noise distribution that would make thadvantage of taking into account known temporal properties
statistical tests very dependent on the (difficult) estimatigtich as smoothness [32] and of reducing the number of
of the noise covariance matrix. Instead, we use empiridd®rameters to estimate.

techniques in order to determine the distributions of our The classical statistical tests for the general linear model (1)
statistics. require that the errol£ be white and Gaussian [33]. The
) _ . Gaussian assumption is reasonable for averaged EEG data
In section II, we introduce the statistical framework ang .., o high number of events. However, the hypothesis
concepts. We present in detail our method in section It \hiteness is strongly challenged as there is a high level

In section IV, we introduce the data used for validating thgf both temporal and spatial correlation in EEG data. An

method. In section V, we present the results of the validatifyyion is to preprocess the data to render the noise as uncor-
with both simulation and real data, and of a comparisqi|ateq as possible, using the covariance matrix of the noise
with .the LORETA [23] and MUSIC [17] methods..Th(.a mapss, (“prewhitening” step, [34], [35]). Equivalently, one can
obtained for real data are compared to fMRI activations angonorates: directly into the model and use the generalized
intracranial EEG recordings belonging to the same patient.|o gt squares method [36], [37]. Using the information from
3} is important both during the fitting of the model, to avoid
overfitting the noise, and during the inference step, to be able
. _ , o to model parametrically the noise properties (typically as a
1The term “likelihood” is used here in a general sense; this is not to be C . .
confused with the more strict statistical meaning, i.e. the probability of tH&Qrmal d_'St”bUt'on)- HOW_everv the estimation Effrom d_at_a
observations given the parameters, seen as a function of the parameterswith a high level of spatio-temporal correlation is a difficult



operation. Indeed, a fult describing all possible covariancesvhere SSE* is the sum of squared errors for the fit with
has a dimension ofip x np and hasnp(np + 1)/2 free s sources anddSE*~! is the sum of squared errors for the
elements. It is possible to reduce considerably the numbreduced model. Under the null hypothes&* "), (6) has
of free elements iNX by assuming that it is the Kroneckeran F distribution with d.o.f(df(s — 1) — df(s)) = 3p and
product of ann x n spatial covariance matri®s and a df(s) = (n—1— 3s)p.

p x p temporal covariance matri¥; [35]. Still, in order

to estimate reliably the spatial covariance, one needs at least

n(n + 1)/2 independentn x 1 time points. This can be Ill. CONSTRUCTION OFSTATISTICAL MAPS OF

guite demanding, especially given the constraint of having ACTIVATION

a stationary EEG for the estimation procedure. An option is

to perform more “robust” estimation by assuming a furtheh In order to construct a map for sources, we consider all

constrained structure, such as a covariance decaying Witk combinations of sources on ag.rld. For eaqh combination,
we compute an F test using spatially prewhitened data, that

assesses if the data support the hypothesissafurces versus
o (s —1). We then compute a score at a given point of the grid
B. Estimation of parameters by integrating the scores of all the combinations containing

We assume as in [35] that the prewhitening process chis point that pass a threshold of significance. The thresholds
be separated into a spatial mat¥ s and a temporal matrix are computed using bootstrap resampling.
Wr. The prewhitened signal is the = WsYWr. The
spatial transformation must also be applied to the array matrix:
X = WgX. A. Prewhitening

. il T < . .
_ Under the assumption th?K X) is full rank, an estimate yyo perform spatial prewhitening using an estimate of the
B of the (temporally prewhitened) source amplitude parame. . ; :
. patial covariance matrix,

ters can then be computed by ordinary least squares [33]:

B = (XTX)"'XTY. ®) 3g =277, )

distance [38].

The matrix of residuals is formed by projecting thevhereZ is a (» channelsx L time points) spatiotemporal
prewhitened data onto the subspace orthogonal to that spanmedirix containing averaged background EEG. We assume
by the columns oiX: that the averaged background noise was stationary across

- on T 1T the matrix Z. The sizeL of the background window is a
R=Y-XB=(I-XX"X)"X)Y. ) compromise: it needs to be large in order to perform a correct
estimation of the noise properties, but choosing too large a
C. Model Testing window increases the chances of incorporating spikes in the

1) Goodness of fitOne may want to assess if the modepackground or having a non-stationary window [39].
accounts properly for the signal, i.e. if residuals are only The matrix3is is broken down based on a Singular Value
noise. Typically, the residualsec(R) are hypothesized to be Decomposition,
distributed with a multivariate normal distributio®'(0,T), 3 = UAUT, (8)
with 0 np x 1 vector of zeros and np x np identity matrix.

The residuals sum of squares, or “sum of squared errorg/jith
is the square distance between the model and the data: A (0)

SSE =tr(RTR). (5) A= 9)
Under the hypothesis of normally distributed residuals, (5) has 0) An
a x? distribution with d.o.f.df(s) = (n — 1 — 3s)p. matrix of singular values an®l the matrix of eigenvectors.

2) Model Order: Increasing the order of the model, i.e. therpe spatial prewhitening filter is then defined as
number of sources, is likely to result in a reduction of the sum

of squared errors (5), as the residuals are formed by projecting \/% (0) 0

the data onto a smaller subspace in (4). It is therefore important ) .

to test whether this reduction is significant, i.e. if the reduction _ B : T

. . o Wg = U-. (10)
is larger than that expected if the additional source was only (0) 1

explaining noise. For a given combination ofsources, and 0 An—1 0

a reduced model withs — 1) sources, the null hypothesis
H(()(”"d”) is that the portion of the sum of squares explained
by the additional source has)g& distribution. A simple test
of model order uses the following statistic:

We set the last diagonal element in (10) to zero as the
rank of Z, and thereby that oBg, is (n-1). Indeed, each

channel of EEG data is always recorded versus the signal of
df (s) SSEs—! — SSEs the same reference electrode. We do not perform any temporal

df (s — 1) — df(s) SSEs ’ ©) prewhitening, i.eWp =1,.

F =



B. Testing the Combinations process, and that the length of the sections is sufficient to

The statistical maps are constructed on a spatial grid of f€serve the temporal structure of the process. This implies
points P; = (x;,y;,2),j € {1..N}. In order to obtain a that each realizatiolt; has the same statistical properties as
map fors sourcess € {1, 2,3}, we consider all combinations "€ original averaged EEG background. _
of s grid points with parameter®:, k € {1...C%}, where We fit the model to each realization as in (3):

Cx = (N)/(s{(N — s)!). For each combination, we create By = [X(05,,,)"X(05,,)]'X(0:,,) B, (14)

an sensor array matriX(03) (cf. IV-A) and perform a least - _ _ _

square fit with equation (3). For this combination, we computghere Ej = 3sE; is the prewhitened noise, an@ =

the sum of squares errofsS E(©3) with (5) and the F statistic ©,in, s € {1,2,3} are the parameters corresponding to the
F(©3) with (6). We defineo? . as the parameters that givecombination of sources that produced the lowest sum of

min

the lowest sum of squared errors across all combinations ofduared errors when fitted to the data (11). We then compute

sources, i.e. the best fit: the statisticsSSE; (s) using (5) andFy (s) using (6), with
_ SSEs~! = SSEf(s —1). For s = 1, we use the sum
Oin = arg Min(SSE(O})). (11)  of squares ofE; as SSE*!. At eachs, we compute the
_ o : ) _ empirical distributions (histograms) @ (s),b € {1...5000}.
For a given combination of sources with locatio®;, the | 3 second step, the estimated thresholds need to be
F value (6) is defined versus the combination with one leggrected for multiple comparison. However, the empirical
source that gave the lowest sum of squared ern®° ' = gjstributions of F(s) typically have an insufficient sampling

s—1 H
SSE(0;,;,). For the on_el-dlpole scan, we use the data totg} the tails for this procedure. Therefore we fit to each em-
sum of squares aSSE*"". We are thereby testing that thepjrical distribution a theoretical F distribution by varying the
combination withs sources is an improvement on the bes{orresponding degrees of freedom; we use a non-linear min-

solution with(s — 1) sources imization method (simplex algorithm). We then compute the
thresholdsthrr(s) corresponding to the = 0.05 percentile
C. Computing the Scores corrected with the Bonferroni method, i;e= 0.05/C%.

The score for the combinatio®;, is defined as:

| F(©;) if F(©5)>thrp(s)
Tk = 0 otherwise

IV. EVALUATION OF THE METHOD

, kel..Cy, We analyzed three data sets in order to evaluate the capaci-
(12) ties of our method for localizing sources and assessing dipolar

: - ~models. The first set was an idealized configuration consisting
v[;n)th thrr(s) the significance threshold at the ordefcf. Il of two simulated dipoles located on the grid used for scanning,

At each pointP; of the grid, j € {1...N}, we integrate with potentials corrupted by Gaussian noise correlated in space
¢ , ...N},

the scores of all the combinations containing this point arit#ftj:jar;gn'nv\}:z; -\I/—vr:ee ssifncu?;tde dda(;[itesne(;e\:jvasa?chrzgrifrii)lrltséf
normalize by the number of combinations: ' P '

with real EEG noise added. The third set was a real average

Z Ok of epileptic spikes, obtained on a patient for whom we had
{(k|P;€03} functional MRI and intracerebral EEG results.

map(P;, s) = oL (13)  For each data set, we computed on a 10 mm grid the statis-

N-1 tical maps for one to three dipoles, as well as a MUSIC scan

which reflects the likelihood that this grid point contains and a LORETA current density reconstruction. The MUSIC
source under the hypothesis ofources. and LORETA methods are the versions implemented in the

Curry software (Neuroscan Labs). For MUSIC, we included
D. Computation of Thresholds in the signal subspace the eigenvectors corresponding to the

. singular values above the level of the noise.
In order to compute the thresholds for the statistical tests, we g

estimate empirically the distribution of the F statistic (6) under )

the null hypothesis (i.e. the additional source is only explainify Model Computations

noise). To do so, we construct a set of 5000 realizationsWe computed all possible components of the array matrix

E;,b € {1...5000} of realistic averaged EEG noidg..,. X with the Curry 4.5 software (Neuroscan, El Paso, TX).
Each realizationE; of the noise is obtained by drawingThe computations used a boundary element method (BEM)

at random with replacement sections of 20 consecutive poinézalistic head model based on the subject's own MRI scan,

(100 ms) from the averaged backgrouHd(i.e. one could with BEM surfaces corresponding to the brain (7 mm mesh),

obtain in one realization several copies of the same sectioshull (10 mm mesh) and skin (12 mm mesh) [41]. Conduc-

Enough sections are joined together in order to obtain a mattixties were set to 0.33 Sm~!, 0.0083 S m~! and 0.33

E; with the same number of columns as the original sign8l- m~! respectively (ratio of skull to brain of 1/40). We

of lengthp. This is the “moving block bootstrap” for serially created a uniform square grid inside the brain volume with

correlated data, as described in [40]. Our assumptions are th@&tmm spacing; points corresponding to deep brain structures

the averaged background is stationary and sufficiently lomgere not included. To enhance computation speed for the scan

to represent well the variability of the underlying stochastifor s = 3 sources, a low-resolution 15 mm spacing grid was



also created. For each point of the grids, we computed the
potentials generated by three unit orthogonal dipoles. These
potentials were also referenced to the average.

B. Idealized Simulation

We computed the potentials of two simulated radial dipoles
located symmetrically in the left and right central regions.
We used the head model built for the patient data (cf IV-
A). The time course of both dipoles was a half-period of a
sine wave, lasting 40 samples; the two dipoles were perfectly
synchronous. The background noise (1000 samples) was gen-
erated by assigning to each unit dipole on the 10 mm grid a

EEG amplitude (a.u)

pseudo-random amplitude following a Gaussian distribution, 0 -150 -100 50 0 50 100
similarly to [42]. This ensured spatial correlation and temporal time (sample)

whiteness of the noise. The potentials created by the sources

were scaled in order to obtain a signal to noise ratio of 10 (ratio (a) Idealized simulation: EEG data

of total sum of squares across time and channels). Figure 1
shows the simulated data.

C. Realistic Simulation

We created am x p (n = 43, p = 34) spatiotemporal data
matrix by adding the potentials generated by two simulated
sources to real EEG background noise samplefi;at: 200
Hz. The first source was placed in the lateral part of the tem-
poral lobe. The second source was in the frontal region. The
time course of the first source was obtained by adding three
consecutive gamma functions peaking at 40 ms, 110 ms and ‘ ‘ ‘ ‘
250 ms respectively. The parameters of the gamma functions 0 20 40 60 80 100
were obtained by fitting the real average spike presented in time (sample)
the next section. The time course of the frontal source was

amplitude (a.u)

obtained by stretching that of the first source in order to have (b) Realistic simulation: source time courses
the first peak delayed by 15 ms, which is a reasonable value
for neuronal propagation (cf. Fig. 1(b)). 80

We simulated each realistic source as a patch of cortex. We
used a 2 mm mesh of the cortical surface, obtained from the
MRI of the patient presented in next section, and placed a
dipole at each vertex in the direction normal to the mesh. A
patch was defined as a set of dipoles within a sphere of radius
1.3 cm (i.e. of sectionr - 1.3%2 ~ 5.3 cm?). The background
noise was obtained by adding 20 sections of real EEG with no
spike obtained from the patient described in next section. The

60

40t

20

EEG amplitude (mV)
o

sum of the source potentials was scaled so as to have a signal ~60;
to noise ratio of 100 (ratio of total sum of squares across time -89 : : : : :
. -200 -150 -100 -50 0 50 100
and channels). Figure 1(c) shows a butterfly plot of the data. time (sample)
D. Patient Data (c) Realistic simulation: EEG data

The EEG 'data consisted of a 43'Channe! spgtio-t.empo@. 1. Simulated data: temporal characteristics. The sampling frequency is
matrix resulting from the average &f= 23 epileptic spikes 200 Hz. (a) EEG data for the idealized simulation (two central radial dipoles

sampled ata frequendy — 200 Hz. from a patient with focal ©on the grid); only the 10-20 channels and 200 samples of background are
i Th ik i h ’ b imil .shown. The SNR is 10 (ratio of sum of squares across all channels and time
epilepsy. The spikes were chosen to be as similar as pOSSIﬁJﬁ“S)_ (b) Source time courses for the realistic simulation (one temporal

in terms of spatial distribution and temporal waveform. Thgatch and one frontal patch). Solid line: temporal source, dashed line: frontal

spikes were aligned by cross-correlation before averaging. rce. The first peak of the frontal source is delayed by 3 samples (15
. . . s). The time courses were scaled to have the same energy. (c) Data for the

EEG was filtered with a band-pass filter set from 1.6 Hz trgalistic simulation; only the 10-20 channels and 200 samples of background

35 Hz. The averaging and filtering was performed with th&e shown. The SNR is 50.

BESA software (Megis, Munich, Germany). The data was

“referenced to the average”, i.e. the average of all channels



was subtracted from the data at each time point. We defined a
signal window ofp = 34 samples (170 ms), i.e. the portion of
interest of the averaged EEG spike, and a background noise
window of . = 1000 samples (5 s), i.e. an averagekof 23
EEG sections preceding each spike and not containing spikes!
The first point of the background window was set to 2000 sam+3
ples (10 s) before the spike, as the background immediatelgs
preceding the spike was contaminated with spikes. The signa#
window was chosen to encompass the spike itself and the slow
wave that follows (Fig. 2). The signal to noise ratio was 296.5F7
(ratio of total sum of squares across time and channels). 17
For this patient, we also had intracranial EEG record-r7
ings, anatomical and functional MRI data. The intracraniake2
recordings were performed during presurgical evaluation. The4
fMRI protocol consisted of recording 19 EEG channels (10/20ca
system) inside the MR scanner (details in [43]). The timingea
of the EEG spikes was used for the statistical analysis ob:
the fMRI images. We then recorded the EEG outside thes
scanner, adding 24 electrodes (10/10 system) for a total ofs
43 electrodes. It is the recording outside the scanner that wes
used for computing the data matik. As the 10/20 electrodes ¢,
were visible on the anatomical scan recorded during the fMRL.,
protocol, we could mark them onto the realistic head model,
The remaining 10/10 electrodes were placed manually on g,

3D rendering of the head surface. cPz
F9
E. Computation Time 9

The computation time for each scan is a function(d§. P9
In order to reduce the computation time for the three-sourceg®
scan, we used a multi-resolution approach to restrict the searef
to a subset of the grid. We first computed the tests on a 85
mm grid, and retained the points in the 10 mm grid whosec1
nearest neighbour in the 15 mm grid had a non-zero value.cr1

The total computing time for the scans on the 15 mm gridos
(311 points) was 1 h 04 min. For the idealized simulatiorrcz
(cf. 1V-B), the number of selected points in the 10 mm gridars
was 251 out of 836 (30 %). The total computing time for the-c:
10 mm scans, with the three-sources scan on the restricted
grid, was 1 h 37 min. For the realistic simulation (cf. 1V-C), ara
68 points (8.1 %) were preselected. The computation time feba
the scans on the 10 mm grid was 4 min 59 s. For the patieats
data, the number of selected points was 82 out of 836 (9.8 %ke
The total computing time for the 10 mm scans was 4 min 37 S0

We used a Pentium M laptop with a processor speed gf,
1.4 GHz and 512 Mb of RAM. The algorithm was imple- 1,
mented with the Matlab software (Mathworks, Natick, MA). ¢,

Fpz
V. RESULTS

A. Empirical Distributions of F

Fig. 3 displays the empirical distributions &f(s) (6) for
one to three sources, for both simulated and patient dag
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Fig. 2. Two sections of 43-channel EEG, created by averaging 23 epileptic
jkes (patient data). Left panel: a section of averaged background. Right
el: the average spike, with maximum amplitude in the right temporal

along with the theoretical F distributions (corresponding t@gion (channels T8, T10, FT10); the dotted lines mark the section selected
the assumption of white gaussian residuals) and the fittedoFcomputing the maps. Time is in samples (sampling frequency: 200 Hz).

distributions (cf. section IlI-D).

For the idealized simulation, the empirical distributions are
very close to the theoretical distribution (fig. V-A), showing
that the spatial prewhitening was efficient in removing the

The SNR is 296.5. Note that the amplitude scale is different between panels.
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Fig. 3. Empirical distributions of the F statistics for one to three sources. On each graph, the theoretical distributions for white gaussian noise is shown
in dashed line. The fitted F distribution are in dotted lines. For the realistic simulation and the patient data, the empirical distribution are broader than the
theoretical distributions, due to the remaining correlations in the EEG data.

spatial correlations. For both realistic simulation and theal distributions. However, for the real background EEG, there
patient data (fig. 3(b) and 3(c)), the empirical distributionis a tendency for the empirical distribution to have a thicker
are broader than the theoretical F distribution. This is likely t@il than the fitted distribution, which is more prominent for
reflect the fact that there is still some correlation left in the dag sources (fig. 3(b) and 3(c)). This may suggest that in our
- thereby decreasing the effective degrees of freedom. Indeedamples the real EEG background is not perfectly Gaussian.
we did not perform temporal prewhitening in order to preserve

t_he. signal [35] and .the spgtial .covariance was estima_ted 0.%.""Maps for Idealized Simulation

limited number of time points in order to ensure stationarity

and avoid contamination by spikes. The maps resulting from processing the idealized simulated

data (cf. IV-B) are shown in Fig. 4. The grid points with non-
The fitted distributions generally represent well the empirgero values permit to assess the extent of the regions where



19.01
1 source
max F: 19.01
thr: 1.61

0.00

3.23
2 sources
max F: 153.05
thr: 1.92

0.00

3 sources
max F: 1.34
thr: 1.96

0.00

Preselected
grid points

Best fit
2 sources

107 117 127 137 207

0.75
MUSIC
scan

147 157 167 177 187 197
- 0.22
147 167 177 18 197 ‘ 1.22
167 197

LORETA

Do)

0.25

Simulated
sources

107 117 127 137 147 157 167 177 187 197 207

Fig. 4. Statistical map$//ap(P;,s) for one, two and three sources for the idealized simulation. The F threshold and the F score corresponding to the
combination with the best fit are displayed on the left of each map. In the fourth row, the (manually) preselected grid points are shown. In the last row,
the actual locations of the two simulated dipoles are shown. Abscissae: elevation in mm (z axis). Voxels with a value of zero are not shown; those in black
correspond to very low non-zero values. The locations of the dipoles are detected as local maxima in the maps for two: seur8e€s (No combination

of three dipoles was significant. The MUSIC 1-dipole scan was unable to separate the sources. LORETA correctly identified two peaks; bIil.at

the hypothesis of a dipolar source is supported by the data. The maximum F score for two sources is 153, which shows
The one-source map, which is simply the significant Ppat the data strongly §upports the hypothesis of two dipolar
squrces versus one dipolar source. In contrast, the map for

scores, displays the grid points where one dipole explains ) :
significant portion of the data. There is a large number ree sources is blank, which shows that the method correctly

points with a high score in both left and right regions, with 5e]ected the hypothesis of three dipolar sources.
right predominance that likely reflects the fact that this source
contributed more to the signal (as the two sources are nofThe MUSIC scan (signal subspace of dimension one) finds
perfectly symmetrical). one peak in the middle of the simulated dipoles, as expected
For the two-source map, which represents the integration %qcause of the pe_rfect _cprrelation of the sources. The LORETA
the scores of all combinations of two dipoles, the maps pres thod correptly identifies two peaks, but at a lower z-value
z = 177). This lower value of z could be a consequence of

two local peaks at the correct dipole locations={ 187). The h traint f th tial hiteni |
maps are more focused around the true dipole locations, wh} fy Smoothness constraint or of the partial prewhitening (only
e diagonal of the covariance matrix was used).

could be because the criterion (significance of two dipolé
versus one) is stricter than for the one-source map (significance

of one dipole versus none). Another effect is that the two- We present in figure 5 the time courses reconstructed by
source map is created by averaging over a large numbercohsidering a dipolar source at each local maximum of the
combinations, which favours points that are present in a lartygo-source map. The time courses correspond very well to
number of combinations. the simulated waveform.



are displaced to a lowet-value for the frontal source. The
maximum F score is much higher for the two-sources maps
than for the three-sources map (48.3 versus 5.8), showing that
the impact of going from one source to two sources is higher
that when going from two sources to three sources.

Both MUSIC (signal subspace of dimension two) and
0 LORETA identify two regions of activation. For both, the
global maxima corresponding to the temporal source=(
127) are displaced to a lowervalue with respect to the centre
200 of gravity of the patch. Only MUSIC was able to detect the

20 t(i)me (samplez)o frontal source at the exact z location £ 187), whereas both
LORETA and our method found this frontal source displaced
to a lowerz-value ¢ = 167 andz = 177 resp.). The MUSIC
scan is the method that gives the best contrast for the frontal
source.

We present in figure 7 the time courses reconstructed by
considering a dipolar source at each local maximum of the
two-sources map. For the temporal source, the time course
corresponds very well to the simulated waveform. The wave-
form of the frontal source is more difficult to retrieve because
of the lower SNR of this source. However, it is still possible
to see that the source is activated with a delay with respect to
the temporal source.

400

200

source amplitude (a.u.)

(a) First local maximum.

400

200

source amplitude (a.u.)

200
20 0 20

time (sample) D. Maps for patient data

Fig. 8 presents the maps for the patient data, as well as the
(b) Second local maximum. intracranial EEG (SEEG) electrodes and the functional MRI
t-stat map. The threshold of= 3 for the fMRI map implies

Fig. 5. Reconstructed time course for the idealized simulation, for SourGg$at five contiguous points need to be above the threshold in
placed at the local maxima of the map for two sources. For each source, a basi

of three orthogonal dipoles is used. The data displayed is reconstructed uShger to have a cluster significantzat= 0.05 (corrected, [44]).
a singular value decomposition of the source time course (this is equivalent toln the map for one source, the right temporal regien=(

havin'g one dipole of the ba_sis oriented along the direction of higher va_lrianc?)M) presents the highest values. The activated region extends
The time courses of the main component correspon_d very well to the simula ? . . . :
waveforms for both sources (half sine wave of period 40 samples). the way up to the right superior parietal region. In the
maps for two and three sources, the global maximum is still
temporal atz = 124 and additional local maxima appears in
the inferior frontal region { = 144 and z = 154 for the two-
and three-sources respectively) and in the right parietal region
The maps resulting from processing the realistic simulaté¢d = 164 for both).
data (cf. IV-C) are shown in Fig. 6. In the maps for one and The MUSIC scan (subspace dimension of three) finds
two sources, a large number of points have a non-zero valiggal maxima only in the temporal region; however the three
including the areas corresponding to the sources but also tbgions found with the statistical maps present high values.
region lying between the two simulated sources. The poinfhie LORETA method finds local maxima in the temporal
that stand out are all in the left temporal region. This reflecis = 124) and parietal regionsz(= 164), but none in the
the fact that the temporal source contributes much more ltaver frontal region (even though there are still relatively high
the data than the frontal source (the SNRs for the tempoxallues in this region).
and frontal sources considered separately are 46.7 and 3.3here is no SEEG electrode at the level of the temporal
respectively). global maximum atz = 124, but it is located just below
The map for three sources shows that there are significastivated SEEG electrodes at= 134. The inferior frontal
combinations of three dipolar sources that can explain theal maximum in the three-sources map=t 154) is at the
data, although only two sources have been simulated. Thegel of an activated SEEG electrodes; this local maximum
can be explained by the fact that the simulated sources are catresponds to one dipole of the best fitting combination.
single dipoles lying perfectly on the grid as in the idealized The activated SEEG electrodeszat 144 also correspond
simulation, and therefore require more than two dipoles to a high value in the three-source map. The SEEG electrode
explain fully the signal. Nevertheless, the points with highaloser to the parietal local maximum is active=€ 164). This
values are in the correct regions. The match is very gotmtal maximum does not correspond to any dipole of the best
for the temporal source, as the global maximum lies aroufitting combination. Moreover, it is located at the level of the
the location of the center of gravity of the patch. The poinfMRI cluster z = 154 — 164).

C. Maps for Realistic Simulation
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Fig. 6. Statistical maps//ap(P;,s) for one, two and three sources for the realistic simulation. The F threshold and the F score corresponding to the
combination with the best fit are displayed on the left of each map. In the last row, the actual locations of the two simulated patches are shown. Abscissae:
elevation in mm (z axis. Voxels with a value of zero are not shown; those in black correspond to very low non-zero values. The locations of the patches
correspond to grid points with high values in the maps three sources1(37 andz = 177 — 187). As the number of sources increase, the maps become

more focused towards the center of gravity of the patches. Both MUSIC (signal subspace of dimension two) and LORETA identify two regions of activation.
For both, the global maxima corresponding to the temporal source {27) are displaced to a lower value with respect to the centre of gravity of the

patch.

Given the fact that the spatial resolutions of the differemsicore based on a statistical test. They allow for the exploration
techniques (EEG dipole localization, fMRI &6 T and SEEG) of the solution space in a systematic way. This permits to
are of the order ol cm [13], [45], our cross-modality resultsassess the range of plausible solutions, but can also be useful in
are compatible with one another. The peak in the EEG mapder to avoid the local minima that plague the minimization-
that is closest to the fMRI activation is that with the lowedbased approaches. Contrary to a PCA decomposition, there is
score, and the other peaks do not correspond to any fMR) need to assume that source time courses are uncorrelated.
activation. In particular, this is the case for the main EEGhe maps also permit a comparison of the results obtained
peak in the inferior temporal region, possibily because of fMRInder the hypothesis of one, two or three dipolar sources. They
signal loss in this region due to a magnetic susceptibility effe@re three-dimensional, contrary to a classical dipole solution
This suggests that one should be cautious when considerargl can be compared to other statistical parametric maps, such
the possibility of a one-to-one correspondence between EBS& those used in functional MRI. Indeed, a region that is not

and fMRI results, as pointed out in [46]. a local maximum in the EEG and the fMRI maps but still
leads to a significant score in both maps would increase the
VI. CONCLUSION confidence that this region is active.

We have presented a method for building statistical maps forwe use a test of model order at each level that assesses if
EEG source localization. These maps assess for each pointhie data support the addition of another source. The use of
the brain the likelihood that it contains a source by giving it a threshold permits to restrict the result to the combinations
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Fig. 8.  Statistical maps\/ap(P;,s) for one, two and three sources for the patient data, compared with MUSIC and LORETA results, depth EEG
recordings(SEEG, electrodes with spiking activity in yellow, other electrodes in orange) and functional MRI (t-stat map). The F value corresponding to the
combination with the best fit and the corresponding threshold are displayed on the left of each map. In the fourth row, the grid points that have been preselected
are shown. Abscissae: elevation in mm (z axis). For the EEG maps, the value at each point is the mean score across all combinations containing the point. For
the fMRI map, the values are t-statistics. In the three-source map, the global maximusmm B4 in the anterior temporal region is located below activated
intracerebral electrodes at= 134. The local maximum at = 154 in the inferior frontal region corresponds well to an activated subdural electrode at

z = 154. The local maximum in the parietal region at= 164 is just above the fMRI main cluster of activation £ 154). The MUSIC scan finds local

maxima only in the temporal region. The LORETA method finds local maxima in the temporal and parietal region, but none in the lower frontal region.

where all the sources contribute to the model. Summing up tbe a grid and are not point sources, but rather extended patches
scores of the combinations at each point enables to visualifecortex, the F test of model order results in a number of
the results in a condensed manner. It also enhances the pailipeles larger than the number of activated patches. We expect
contained in several plausible combinations, which we assuthé limitation to have also a strong impact on the sum of
are more likely to contain a true source. Indeed, less weigdguares (5), as a large humber of sources will be needed to
should be given to spurious detections that appear only irbéng the residuals below the level of the noise.

few combinations, whereas true sources should be part of a he localizati | btained in both simulated and
large number of combinations. The localization results we obtained in both simulated an

real data are very encouraging. In the simulated data, the maps

The information on the number of sources that is supportedesented peaks consistent with the locations of the sources.

by the data is very important in EEG dipole modelling. Ouin the real data, the peaks in the scan corresponded well with
results for the realistic simulation point to a limitation of @oth depth EEG and fMRI results. Quantitative evaluation on
dipolar scan in that sense. Indeed, as real sources are not lyieg data remains difficult, though, due to the limited spatial
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to the data. MUSIC and LORETA aim at finding the best
solution in a given sense, the sources most correlated to the
signal subspace for MUSIC and the spatially smoothest current
density for LORETA. In our method, we aim at assessing
whether a given combination of sources is supported by the
0 data by using a statistical threshold. In addition, we combine
all significant solutions to create a map of the likelihood of
having a dipolar source at a given point.

We have used an empirical method for the computation of

0 20 thresholds. This permits to take into account the fact that noise
time (sample) is strongly correlated, both spatially and temporally, and to

adapt the tests accordingly. The other option would have been
(a) First local maximum. to rely solely on prewhitening of the data, which has two
drawbacks: the robust estimation of the covariance matrix with
highly correlated data is difficult, and temporal prewhitening

can reduce the signal [35].

100 The models fitted in order to estimate the empirical dis-
tributions were based on the best solutions at leveind
(s — 1), mainly for computational reasons. The thresholds we
obtain are expected to be conservative, as we use the lowest
SSE at levels, i.e. that giving the highest' value. Also, the
information on the significance of the best combination at level
s with respect to the best at levés — 1) is valuable in the
200, 0 20 context of model-order selection. A refinement of the method
time (sample) could be to estimate the distributions by including different
sources combinations in the bootstrap method.

(b) Second local maximum. When estimating the distributions undHg using bootstrap
resampling, we chose to fit realizations of noise only (cf.
Fig. 7. Reconstructed time course for the realistic simulation, for sourcgt4)) and not to include signal. An option would have been to

placed at the local maxima of the map for two sources. For each source, abfﬁaude in the bootstrap realizations the potentials generated
of three orthogonal dipoles is used. The data displayed is reconstructed u

in ;
a singular value decomposition of the source time course (this is equivalen?:’f)fqthe best(s — 1) sources. We do not expect this to have a
having one dipole of the basis oriented along the direction of higher varianchjgh impact though. Indeed, by fitting the best combinations of

For the temporal source (top), which has the higher SNR, the waveform s __ 1) ands sources. most of the signal in the data generated
well reconstructed in the main component. For the frontal source (bottom), '

the waveform is more difficult to visualize because of the lower SNR of thBY (s — 1) sources should be removed, and any remaining
source. The first peak of the main component permits nevertheless to see gignal should be at the level of the noise.
this source is activated with a delay. L. . .

We have corrected our statistics for the multiple comparison
problem. We have used a simple Bonferroni correction, which
is likely to be conservative because of the dependence between

sampling of depth EEG. Further simulations will be requireghe tests on different combinations. An empirical approach
with different combinations of sources and noise levels, @at would control the false positive rate by performing a
well as more tests on patient data. large amount of scans on background noise (as in [49]) would

We have compared our localization results to those obtainlee very computationally demanding, especially for the three-
with two well-known methods, namely a MUSIC scan andource scan. An alternative could be to define “resolution
LORETA, which also produce three-dimensional maps @lements”, i.e. sets of grid points for which the tests are highly
activity. On the data presented, our method compares well withrrelated, as was done in fMRI [50]. However, we have not
MUSIC and LORETA in terms of detection capacities. Onlyound in our simulated data that the Bonferroni correction
our method was able to detect the fully correlated sourcesveds particularly conservative. This is possibly because the
the correct location. The variation of MUSIC for correlatedonservatism of the Bonferroni threshold is compensated by
sources proposed in [18] would probably have been alilee fact that sources are not ideal dipoles, which leads to
to detect these sources too; however we also display wélevated F tests.

our method the three-dimensional extent of plausible dipolarwe have used a multiresolution approach, similar to [51].
solutions. Our statistical approach could be compared to tigjs allowed us to obtain maps for three sources with a
noise-normalized implementations of the distributed Sourcgssolution of 10 mm, a reasonable performance in the context
methods [47], [48], which could be more suited for extendegt spike localization for presurgical evaluation. Nevertheless,
sources. further restrictions on the scanned volume could allow for a

Generally speaking, all these methods should not be sdirer resolution or a higher number of sources if this is deemed
as antagonist, but as asking different questions with respaetessary.
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